Abstract: Rolling bearing is of great importance in modern industrial products, the failure of which may result in accidents and economic losses. Therefore, fault diagnosis of rolling bearing is significant and necessary and can enhance the reliability and efficiency of mechanical systems. Therefore, a novel fault diagnosis method for rolling bearing based on semi-supervised clustering and support vector data description (SVDD) with adaptive parameter optimization and improved decision strategy is proposed in this study. First, variational mode decomposition (VMD) was applied to decompose the vibration signals into sets of intrinsic mode functions (IMFs), where the decomposing mode number K was determined by the central frequency observation method. Next, fuzzy entropy (FuzzyEn) values of all IMFs were calculated to construct the feature vectors of different types of faults. Later, training samples were clustered with semi-supervised fuzzy C-means clustering (SSFCM) for fully exploiting the information inside samples, whereupon a small number of labeled samples were able to provide sufficient data distribution information for subsequent SVDD algorithms and improve its recognition ability. Afterwards, SVDD with improved decision strategy (ID-SVDD) that combined with k-nearest neighbor was proposed to establish diagnostic model. Simultaneously, the optimal parameters C and σ for ID-SVDD were searched by the newly proposed sine cosine algorithm improved with adaptive updating strategy (ASCA). Finally, the proposed diagnosis method was applied for engineering application as well as contrastive analysis. The obtained results reveal that the proposed method exhibits the best performance in all evaluation metrics and has advantages over other comparison methods in both precision and stability.
Introduction
Rolling bearing is one of the most commonly used components in mechanical equipment, whose running state directly affects the accuracy, reliability, and service life of the whole machine [1] . Hence, improved decision strategy (ID-SVDD) with the fusion of KNN method is proposed. To be specific, support vectors (SVs) are firstly extracted by establishing SVDD models. Next, the Euclidean distances between the testing sample and SVs are calculated. Whereupon, a fault type of the testing sample can be determined according to the proposed decision strategy.
Although SVDD has excellent effect in pattern recognition, its performance is affected by the parameters. In view of this, various optimization algorithms are proposed and applied to search the best parameters [29, 30] , including genetic algorithm (GA) [31] , particle swarm optimization (PSO) [32] , bacterial foraging algorithm (BFA) [33] and artificial sheep algorithm (ASA) [34] . As a novel optimization algorithm, sine cosine algorithm (SCA) proposed by Mirjalili [35] is proved to be effective in many studies [36, 37] . To achieve better performance in convergence precision, a reformed sine cosine algorithm with adaptive strategy (ASCA) is developed in this paper. On the whole, a novel diagnosis method based on semi-supervised clustering and SVDD with adaptive parameter optimization and improved decision strategy is proposed in this study. Firstly, VMD is applied to decompose the vibration signals into sets of IMFs, and the decomposing mode number K is preset with central frequency observation method. Then FuzzyEn values of all IMFs are calculated to construct the feature vectors of corresponding samples with different fault types. Afterwards, training samples are clustered by SSFCM for information mining. Subsequently, SVDD with improved decision strategy (ID-SVDD) that combines with k-nearest neighbor is proposed to establish diagnostic model. Meanwhile, the optimal parameters C and σ for ID-SVDD is searched by the proposed adaptive sine cosine algorithm (ASCA). Finally, the engineering application and contrastive analysis indicate the availability and superiority of the proposed method.
The paper is organized as follows: Section 2 is dedicated to the basic knowledge of VMD, FuzzyEn, SSFCM, and SVDD. Section 3 introduces the proposed fault diagnosis method based on SSFCM and ASCA-optimized ID-SVDD. Section 4 presents the engineering application and comparative analysis, the experimental results of which demonstrate the superiority of the proposed method. Some discussion about the method presented in this paper is in Section 5. The conclusion is summarized in Section 6.
Fundamental Theories

Variational Mode Decomposition
Variational mode decomposition (VMD) is a novel non-recursive signal decomposition method [38] , whose essence is to solve a variational optimization problem. Setting a scale K in advance, a given signal can be decomposed into K band-limited intrinsic mode functions (IMFs), among which each sub-signal is related to a certain center frequency. The constrained variation problem can be described as follows: where m k = {m 1 , m 2 , . . . , m k } represents the set of all mode functions, and ω k = {ω 1 , ω 2 , . . . , ω k } represents the set of center frequencies, while ∂ t and δ(t) are the partial derivative of time t for the function and unit pulse function, respectively. f is the given real valued input signal.
Lagrange multipliers are introduced to obtain the optimal solution of above constrained variational problem. Then problem (1) can be specified as follows:
∂ t δ(t) + j πt * m k (t) e − jω k t (2) where α and β(t) represent the penalty factor and Lagrange multiplier respectively. Next, the alternate direction method of multipliers (ADMM) and iterative search are utilized to obtain the saddle point of Lagrange multipliers [39] . The optimization problems of m k and ω k are formulated as (3) and (4) 
Solving problems (3) and (4), the iterative equations are deduced as follows:
The Lagrange multipliers can be iterated with Equation (7).
where τ is an updating parameter. The main steps of VMD can be summarized as follows:
Step 1: Initialize m 1 k , ω 1 k , β 1 , n = 1; Step 2: Execute loop, n = n + 1;
Step 3: Update m k and ω k based on Equations (5) and (6);
Step 4: Update β based on Equation (7);
Step 5: If
< ε loop end, else turn to step 2 for next iteration.
Fuzzy Entropy
To solve the defect that sample entropy [40] adopts a hard threshold criterion which may result in an unstable discrimination result, fuzzy entropy [41] introduces an exponential function from fuzzy theory as the fuzzy entropy function. For the time series H = [h(1), h(2), ..., h(N)], set the fractal dimension m and then construct m-dimensional vector. The obtained m-dimensional vector is as follows:
where i = 1, 2, . . . , N − m + 1, and
Define the distance d ij between vector H m (i) and H m (j) as maximum absolute value of difference value between the corresponding element of them, that is:
where i, j = 1, 2, . . . , N − m + 1 and i j; while k = 0, 1, . . . , m − 1.
Introducing fuzzy membership function, the similarity between vector H m (i) and H m (j) can be defined as:
where r is a positive real number, and r = R·std(H), std(H) is the standard deviation of the given time series. Define function Φ m (r) as:
where
Finally, FuzzyEn (with parameters m, N, r) of the time series can be deduced as the deviation of natural logarithm of Φ m from Φ m+1 , which means:
Semi-Supervised Fuzzy C-Means Clustering
Semi-supervised fuzzy C-means clustering (SSFCM) [18] is an semi-supervised clustering algorithm based on the fuzzy C-means clustering (FCM) algorithm [42] . Specifically, supposing that the sample to be clustered is S = [s 1 , s 2 , . . . , s n ] and the number of clusters is c (2 ≤ c ≤ n), then the objective function of SSFCM is given as:
where U cxn = [u ij ], u ij represents the fuzzy membership of the jth sample belonging to the ith cluster, and the matrix formed by cluster centers is
, f ij denotes the membership value of labeled samples, and b j is a two-valued (Boolean) indicator to distinguish labeled and unlabeled samples. Moreover, d ij = ||s j -v i || is the Euclidean distance between the jth sample and the ith cluster center, while w (w ≥ 1) is weighting parameter, and ρ (ρ ≥ 0) is the balance coefficient. With Lagrange multipliers introduced, the optimization problem of SSFCM can be converted into the following constrained minimization problem:
where λ j , j = 1, 2, . . . , n, is the Lagrange multiplier. In the sequel, fuzzy membership u ij and cluster center v i can be iterated as:
where i = 1, 2, . . . , c, j = 1, 2, . . . , n.
On the whole, primary procedures of SSFCM can be summarized as follows:
Step 1: Initialize membership matrix U and give values of c, b, F;
Step 2: Calculate prototypical cluster center V;
Step 3: Update U based on Equation (15);
Step 4: Compare U to U, if ||U-U || < δ (U is the last iteration result and δ is a certain tolerance) then loop end, else go to step 2.
Support Vector Data Description
Support vector data description (SVDD) [25] maps data set into a high-dimensional feature space and deduces a minimum hypersphere which contains as many target objects as possible. Given a target object set x i , i = 1, 2, . . . , n, a hypersphere of SVDD can be established. Accordingly, the sphere of the hypersphere can be described by center a and radius R of the sphere. The expression for the hypersphere is as follows:
where ξ i is the slack variable, C is the penalty factor to reach a compromise between the size of hypersphere and number of misclassified samples. By introducing Lagrange multipliers, Equation (17) can be transformed into the following form:
where α (α ≥ 0) and β (β ≥ 0) are Lagrange multipliers. Finally, a Gaussian radial basis function is applied to replace the inner product, transforming the optimization problem into the following dual problem:
where σ is the kernel parameter.
Solving programming problem (19) , α i is obtained. To be specific, if 0 < α i < C, the target sample is on the hypersphere, which is called the support vector (SV); if a i = 0, the sample is in the hypersphere; if α i = C, the sample is outside the hypersphere, which is called bounded support vector (BSV). For a certain SV x p , radius of the hypersphere can be calculated as R. For any sample y to be tested, its distance from the center of the hypersphere is D: 
Improved Decision Strategy
SVDD with relative distance decision strategy (RD-SVDD) is commonly applied for pattern recognition. However, it is difficult for relative distance decision strategy to achieve precise identification, especially for unknown samples within overlap regions of the hyperspheres and regions outside all the hyperspheres. The schematic diagram of positional relationship between samples and hyperspheres is shown in Figure 1 . Therefore, further development of decision strategy is required. To this end, SVDD with improved decision strategy (ID-SVDD) that fuses with the k-nearest neighbor (KNN) method is proposed in this research.
The KNN method proposed by Cover et al. [43] is one of the most widely used algorithms for pattern recognition, which is easy to understand and realize. The basic idea of KNN is to measure the differences between samples and their neighbors, and Euclidean and Manhattan distances are usually employed to achieve the measurement. Let p, q be two samples with m terms, the distances between them can be defined as:
where p i and q i are the ith component of p and q respectively. With training samples labeled by semi-supervised clustering, SVDD models of different types of faults are established, from which hypersphere radiuses Rs and support vectors SVs can also be obtained. Furthermore, by comparing distance D from testing sample to the centers of hyperspheres, it can be judged whether the sample is within the hypersphere. There are two cases after the comparison: If the sample to be classified is only in one hypersphere, the fault type of the sample is directly ascertained; otherwise, if the sample is in the overlap regions of the hyperspheres or regions outside all the hyperspheres, KNN is needed for further classification. To be specific, KNN firstly calculates the distances between testing sample and SVs, finding k-nearest neighbors among SVs whose distances are closest to the testing sample, then the type of the testing sample can be determined according to majority fault types of k-nearest neighbors.
The main steps of ID-SVDD are shown below:
Step 1: Establish SVDD models for different types of faults based on Equations (19) and (20) , thus Rs and SVs are obtained;
Step 2: Calculate distance D on the basis of Equation (21);
Step 3: Compare distance D to the radius R of each hypersphere, if testing sample is only in one hypersphere then go to step 6, else go to next step;
Step 4: Set KNN coefficient k, and find k-nearest neighbors according to Equation (22) or (23);
Step 5: Determine the type of testing sample with KNN decision;
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Step 1: Establish SVDD models for different types of faults based on Equations (19) and (20), thus Rs and SVs are obtained;
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Only in one hypersphere
In overlap regions of hyperspheres or outside all hyperspheres 
Adaptive Parameter Optimization
Sine Cosine Algorithm
Exploration and exploitation [35] are two phases in which the sine cosine algorithm (SCA) processes the optimization problem. In the phase of exploration, a set of random solutions are initiated as the outset of optimization process. With a strong randomness, SCA is able to search for feasible solutions quickly in the searching space. In the phase of exploitation, the random solutions change gradually, and the randomness is distinctly weaker than that of exploration phase, which is conducive to a better local searching. ( , ,..., )
During iterations, the position of individual i will be updated by the following Equations [35] :
where k i Z is the position of individual i in kth iteration, r1, r2, and r3 are all random values.
The above equations are synthesized to:
where r4 is a random value within [0, 1].
As the above equations show, the updating equation has four main parameters, i.e., r1, r2, r3 and r4. The parameter r1 contributes to determine the position's region of individual i at next iteration. The parameter r2 is a random number in the scope of [0, 2π], which defines distance that next movement should be towards. To stochastically emphasize (r3 > 1) or deemphasize (r3 < 1) the effect 
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Let
solution of the optimization problem corresponds to the position of corresponding individual in the searching space, where l is the dimension of individuals. The best position of individual i is
where Z i k is the position of individual i in kth iteration, r 1 , r 2 , and r 3 are all random values.
where r 4 is a random value within [0, 1].
As the above equations show, the updating equation has four main parameters, i.e., r 1 , r 2 , r 3 and r 4 . The parameter r 1 contributes to determine the position's region of individual i at next iteration. The parameter r 2 is a random number in the scope of [0, 2π], which defines distance that next movement should be towards. To stochastically emphasize (r 3 > 1) or deemphasize (r 3 < 1) the effect of the best position of individual, a random weight r 3 within [0, 2] is brought in the equations. Finally, the parameter r 4 is a random number in the range of [0, 1] to switch fairly between sine and cosine components, specifically when r 4 < 0.5, sine component dominates iterations of the position of individual i, otherwise cosine component dominates iterations.
To seek feasible solutions in the searching space and eventually find the global optimum, exploration and exploitation phases should be in a balanced state. For this reason, the amplitudes of the sine and cosine functions are adaptively adjusted by changing r 1 as follows [35] :
where T, t and a are the maximum number of iterations, the current number of iterations and a constant respectively.
Adaptive Sine Cosine Algorithm
As mentioned in SCA, r 1 is a crucial parameter connecting with the sine and cosine functions r 1 sin(r 2 ) or r 1 cos(r 2 ). On the basis of the design principle of SCA, the algorithm firstly explores different regions and then exploits promising regions. Accordingly, the value of r 1 should be monotone decreasing during iterations. However, the updating strategy of r 1 as shown in Equation (26) is a linear decrease with equal-step, which will restrict the convergence and accuracy. For this purpose, an improved strategy for updating r 1 which is called adaptive sine cosine algorithm (ASCA) is proposed in this paper.
Considering that the fitness values of all individuals would change among the iterations, a hierarchical strategy based on the fitness values of individuals is introduced to divide all individuals into three subgroups [44] . More specifically, let f i be the fitness value of individual i, f a be the average fitness value of all individuals, and f e represents the average fitness value of individuals that fitness value better than f a . If f i is better than f e , individual i is defined as elite individual; if f i is better than f a but worse than f e , individual i is defined as ordinary individual; if f i is worse than f a , then define individual i as inferior individual. The hierarchical strategy is illustrated in Figure 3a . After the above process, the number of individuals in different subgroups can be adaptively adjusted according to the fitness values during iterations, and different subgroups implement different adaptive operations. The updating strategy for r 1 is defined as follows and changes of r 1 for individuals of different subgroups is shown in Figure 3b: (1) Elite individuals: Are the best individuals among all ones, and close to the optimal value. A smaller r 1 is given with a cubic function to enhance local searching: (27) where r max and r min are the maximum and minimum value of r 1 respectively, while T and t are the maximum and current number of iterations respectively. (2) Ordinary individuals: Possess good global and local searching ability. r 1 maintains the original linear decreasing trend:
(3) Inferior individuals: Are far from the optimal value. A bigger r 1 is needed to enhance global searching in early iteration, and to jump out the local optimum later:
where b is a positive constant to adjust exponential curve. 
Fault Diagnosis Based on SSFCM and ID-SVDD Optimized by ASCA
In this section, a novel model based on semi-supervised fuzzy C-means clustering, adaptive sine cosine algorithm and support vector data description with improved decision strategy (SSFCM-ASCA-ID-SVDD) is proposed to diagnose faults for rolling bearing. The specific steps are detailed as follows:
Step 1: Collect vibration signals;
Step 2: Determine the mode number K by central frequency observation method;
Step 3: Decompose the signals into sets of IMFs with VMD;
Step 4: Calculate FuzzyEn values of all IMFs, and construct the fault feature vectors of training and testing samples;
Step 5: Cluster training samples by SSFCM, thus the training samples are all labeled;
Step 6: Optimize the parameters C and σ for SVDD with the proposed ASCA;
Step 7: Train the ID-SVDD model with the optimal parameters C and σ;
Step 8: Apply the optimal ID-SVDD model to classify different types of faults and evaluate the performance of the model.
The flowchart of the proposed fault diagnosis model is shown in Figure 4 . 
Engineering Application
Data Collection
To validate the performance of the proposed method, a series of vibration signals with different fault locations and sizes were gathered from Bearings Data Center of Case Western Reserve University [45] . The experiment stand was mainly composed of a motor, an accelerometer, a torque sensor/encoder, and a dynamometer. The bearing was a deep groove ball bearing with model SKF6205-2RS. By using electro-discharge machining (EDM), the experiment device simulated three fault states of the rolling bearing: The inner race fault, ball element fault, and outer race fault. The depth of faults was 0.011 inches. Vibration signals collected from the drive end (DE) were taken as the research objects. In the experiment, the sample frequency was 12000Hz, and the rotation speed was 1750 rpm under the rated load of 2 hp. To fully verify the validity of the proposed fault diagnosis method, 9 types of samples were used in this paper, namely, the inner race fault, ball fault, and outer race fault with diameters of 0.007, 0.014, and 0.021 inches (i.e., each of the three types of faults has three defect sizes). Further, the vibration signal of each type of fault was divided into 59 segments containing 2048 sampling points. An image of the experiment device is shown in Figure 5 . The experimental signals are listed in Table 1 . 
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Application to Fault Diagnosis of Rolling Bearing
In order to demonstrate the effectiveness of the proposed SSFCM-ASCA-ID-SVDD method, experiments were implemented by contrast with constrained-K-means (CK-means) [46] in the clustering phase and with SCA in the parameter optimization phase. Similarly, support vector machine (SVM) and SVDD with relative distance decision strategy (RD-SVDD) were applied for comparison during decision making phase. In the proposed method, the first step was to decompose the signal of each type of fault into a set of components with VMD, whose mode number K needed to be determined in advance with central frequency observation method. If the value of K is too large, center frequencies of adjacent IMFs may be too close, and mode mixing will emerge. The center frequencies of all IMFs when taking different K are listed in Table 2 , where K was ascertained by the sample of inner race fault with diameter of 0.007 inches (L1). As illustrated in Table 2 , when K was set to 5, the first two center frequencies were relatively close, which meant that excessive decomposition occurred. The same conclusion can also be seen in Figure 6 , during the iterative calculation of VMD, if K was 5 or greater, some center frequencies of IMFs would be relatively close to each other. For example, when K was 5, IMF1 and IMF2 were relatively close, while K was 6, IMF2 and IMF3 were relatively close. Therefore, parameter K was set to 4 in this research.
The decomposition results of samples with different fault types are illustrated in Figure 7 , from which it can be seen that waveforms of different fault samples are different to some extent. After VMD decomposition, FuzzyEn values were calculated to construct the fault feature vectors, and the fractal dimension m was set 2 while the positive real number r was set as 0.2. The first three FuzzyEn vectors of different fault samples (L1-L9) are reported in Table 3 . 
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In the optimization phase, the proposed ASCA approach was applied to optimize the penalty factor C and the kernel parameter σ, where the individual number was set to 30 and iteration times were set to 100. Considering the constraints of the optimization problem of SVDD, C should subject to C ≥ 1/n, where n is the number of target objects. Likewise, C should be subject to C < 1 or else it loses constraint on Lagrange multipliers. Taken together, searching ranges of C and σ were [1/n, 1] and [2 −10 , 2 10 ], respectively. The coefficient k was set to 3 for KNN decision. During optimization process, the fitness value was calculated by five-fold cross validation on the training samples.
The optimization effect with the given (C, σ) was measured by average accuracy of cross validation, then the optimal (C, σ) was obtained. The convergence procedure of the adaptive parameter optimization is depicted in Figure 9a . It can be seen that the absolute average fitness value of all individuals increases rapidly at early stage of iterations and then tends to be stable, which means the individuals were moving closer to the global optimal solution. The shaded part shows the distribution of the convergence curve in 10 optimization experiments. The comparison of ASCA and SCA is shown in Figure 9b , where all convergence experiments use the same FuzzyEn values and each convergence curve is the average of 10 experiments. The figure shows that both ASCA and SCA have a good convergence effect, but ASCA keeps a better convergence effect than SCA in the whole iterations. Besides, in the middle and later stages of iterations, the convergence curve of SCA decreases slightly, while ASCA remains stable.
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In contrastive experiments, parameters of CK-means, SCA, and RD-SVDD were set similar to the proposed method. That is, training samples with a ratio of 0.3 and 0.5 were randomly selected as labeled samples for CK-means clustering; SCA had 30 individuals and iterated 100 times; the ranges of C and σ of RD-SVDD were [1/n, 1] and [2 −10 , 2 10 ] respectively. Considering the difference between SVDD and SVM, the searching scopes of parameter C and g of SVM were both set as [2 −10 , 2 10 ] respectively. Moreover, the optimal parameters C and σ(g) of all contrastive methods were selected in the same way the proposed method done. The performance of all contrastive methods was evaluated by NMI and ACC as well. A list of all important parameters in the experiment is shown in Table 4 . The fault diagnosis results with different methods are shown in Table 5 and Figure 10 . It can be seen from Table 5 that the proposed SSFCM-ASCA-ID-SVDD method achieves the best performance in terms of NMI and ACC metrics among all methods, i.e., 0.0868 and 0.9333 when the ratio is 0.3, 0.9254 and 0.09649 when the ratio is 0.5. To be specific, in the case of the ratio of 0.5: The comparison of FCM-ASCA-ID-SVDD, CK-means-ASCA-ID-SVDD and the proposed method indicates that NMI value of proposed method is 0.2913 and 0.0377 higher than other two methods, as well as that ACC value is 0.1228 and 0.0263 higher than other two methods, which shows SSFCM possess a better clustering precision. Similarly, the comparison analysis between SSFCM-SCA-ID-SVDD and the proposed method shows that ASCA-optimized ID-SVDD improves NMI value by 0.0152 and ACC value by 0.0099 than SCA-optimized ID-SVDD, indicating the effectiveness of the proposed adaptive parameter optimization strategy. Furthermore, the contrast among SSFCM-ASCA-SVM, SSFCM-ASCA-RD-SVDD and the proposed method shows that the NMI evaluation of proposed method is 0.0335 and 0.0568 higher than that of other two methods, while the ACC evaluation of proposed method is 0.0263 and 0.0409 higher than that of other two methods. Thus, it can be concluded that the proposed ID-SVDD model with improved decision strategy has better diagnosis performance.
Additionally, through the comprehensive analysis with a labeled sample ratio of 0.3 and 0.5, it showed that the proposed method achieved the best results under both the two ratio conditions. Meanwhile, the metrics under a ratio of 0.5 was better than that under a ratio of 0.3, which manifests that the clustering performance of SSFCM would be improved with the increasing of the labeled ratio, thus improving the diagnostic accuracy. Figure 11 is the boxplots of evaluation values, illustrating the performance of different diagnosis methods. As shown in the figure, the proposed SSFCM-ASCA-ID-SVDD method achieves a higher precision and possess better stability than other contrastive methods. 
Discussion
The superiority of the proposed ASCA and ID-SVDD methods have been effectively demonstrated by the above analysis. Likewise, the accuracy of the diagnosis model has also been NMI ACC 
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The superiority of the proposed ASCA and ID-SVDD methods have been effectively demonstrated by the above analysis. Likewise, the accuracy of the diagnosis model has also been verified by contrastive experiments on various fault sizes and locations. This preliminary study mainly deals with the fault diagnosis of vibration signals on the rated load. For the practical application in real industrial operating conditions, variable load conditions should also be considered. Those application situations will be researched in our future work. Besides, the proposed ASCA algorithm can be optimized through better strategies to further improve the convergence speed and global search ability. Moreover, the multi-objective optimization that has been widely utilized in the field of controlling [48] [49] [50] could be implemented in fault diagnosis, which is expected to improve the accuracy and reduce the variance of the outputs of the model [51] .
Conclusions
A novel fault diagnosis method for rotating bearing based on semi-supervised clustering and support vector data description with adaptive parameter optimization and improved decision strategy is presented in this study. Due to the non-stationarity of the original signals, signals collected from different types of faults were firstly split by VMD into sets of IMFs, before which process, the decomposing mode number K was determined by central frequency observation method. Next, the FuzzyEn values of all IMFs were calculated to construct the feature vectors of different types of faults. Subsequently, all training samples were labeled by using SSFCM under the supervision of partly labeled samples. Finally, SVDD with adaptive parameter optimization and improved decision strategy, i.e., ASCA-ID-SVDD, was proposed to diagnose different fault samples. In an engineering application, the contrastive experiments were implemented between the proposed SSFCM-ASCA-ID-SVDD method and other relevant methods. In the sequel, nine types of faults with different locations and sizes were successfully diagnosed, and the results show that the proposed method exhibited the best performance in both NMI and ACC evaluations. Particularly, when training samples with the ratio of 0.5 that are randomly selected as the labeled samples, the NMI value of the proposed method is 0.0335, 0.2913, 0.0377, 0.0568, and 0.0152 higher than that of SSFCM-ASCA-SVM, FCM-ASCA-ID-SVDD, CK-means-ASCA-ID-SVDD, SSFCM-ASCA-RD-SVDD, and SSFCM-SCA-ID-SVDD respectively. Likewise, the ACC value of the proposed method is 0.0263, 0.1228, 0.0263, 0.0409, and 0.0099 higher than that of other methods respectively. Moreover, the boxplots of different methods illustrate the precision and stability of the proposed method. In summary, the proposed method shows better superiority to other methods and achieves preferable diagnostic performance.
